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THREE THEMES THAT NEED TO COME OUT IN THE PAPER: The episodic
appearance of Ebola virus (EBOV) and Marburg virus (MARV) across central Africa
over the last 15 years not only underscores the importance of filoviruses as uniquely
virulent agents to both human and wildlife communities but also implies a very complex 
transmission scenario that must be understood if we are to prevent or mitigate filovirus
outbreaks in the ftiture. Efforts of a global network of scientists and healthcare
workers have expanded our knowledge of filoviruses to meet the growing threat of
Ebola and Marburg hemorrhagic fevers in Africa.
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In recent decades, several newly emerging diseases have resulted in major threats to both
affected communities and global public health. Viruses from wildlife hosts in particular, have
exhibited a capability for cross-species transmission (CST), and have caused high-impact
diseases in humans Such as Ebola and Marburg hemorrhagic fevers, Nipah and severe acute
respiratory syndrome (SAILS). It has been estimated that about 60.3% (Jones et al. 2008) of
human infectious diseases are of animal origin (zoonoses) and even some important viral
diseases that are traditionally considered of human origin, for example measles and smallpox.,
may very well have their prehistoric origins in wildlife (Wolfe et A 2007). It maybe logical and
prudent therefore, to anticipate that there are other, new filoviruses out there that will cross into
humans at some point in time. If we anticipate that these will happen and wish to be prepared for
and mitigate this potential, then an understanding of filoviruses as a biologic system in the
environment will be essential to that process. We will need to know how the ecological dynamic
of CST interacts with a 'new' vints's evolutionary factors to overcome environmental,
demographic and host-specific barriers to transmission and infectivity to humans. First, in the
specific case of filoviruses (Ebola and Marburg), there is still limited knowledge about what is
the true animal reservoir. Recent studies do finger frugivorous bats as the likeliest suspects
(Leroy et al. 2005, Swanepoel, et al, 2007, Towner et al, 2007, Pourrut et A 2009). But,
uncertainty remains. Knowing the reservoir(s) is critical if we are going to narrow our research
to those ecosystems most likely to inform "smart surveillance". That is the targeting of those
regions believed to be high-risk hotspots for filoviruses emergence and human risk (Pinzon et al.
2004). Finally, to grasp the full complexity of a successful filovirus CST, one needs to consider
many other factors including the type and intensity of reservoir, intermediate and final host
contacts. These are affected by social, behavioral, seasonality, and ecological traits. To deal with
the emergence of filoviruses in its entirety then, we need to study the whole dynamic of filovirus
transmission and emergence as an integrated physical and biological system, not piecemeal.
This assumes that emergence is a natural system, and it possesses the essential characteristics of
a complex adaptive system (CAS, Holland 1995). These characteristics include: 1)
heterogeneity of interacting components (species, agents, vectors, hosts, humans, environment
and climate), which provides variability through 2) nonlinear interactions among those
components. The interactions among the parts determine and reinforce a 3) self-organizing
hierarchical structure. CAS defines the rules that govern which plants and animals can be
expected in an environment, and how they have adapted for successfully living there. By using
the deductive perspective of CAS (Levin 1999), together with the hierarchical organization as a
starting point, we should be able to abstract out the filovinises' potential transmission enablers
and explore through simplified models the properties that should be present in their filovirus
transmission and emergence into humans. For example, we know that some 'forms of contact
between donor and recipient host is a precondition for virus transfer. It is therefore negatively
affected by a hierarchical structure that separates the donor and recipient - the barriers of
geography, ecology and behavior. etc. In theory, factors that disrupt the geographical
distribution of host species (e.g. wildlife trade and migration due to climatic and environmental
shifts like drought or habitat destruction) or that decrease behavioral separation (e.g. bush meat
hunting) tend to promote new avenues of interaction between reservoirs and hosts, opportunities
for virus sharing and the emergence of infections in new host species. In the case of filoviruses,
these barrier disruptions can explain the spatial pattern of sporadic or occasional human
outbreaks, In addition, the seasonality of climate and the corresponding uneven temporal
distribution of resources needed for existence, place hardships on both wildlife and humans.
These also tend to decrease barriers to transmission, but in a more cyclic pattern, Thus, the CAS
for filoviruses in general, may comprise both an eco-climatic set of conditions that trend on a
given temporal scale. as well as a geographic, behavioral set of factors that trend on a totally
distinct scale- Seasonality is tracked by eco-climatic information, which in turn is used to
characterize places by their patterns of temperature and precipitation, This tracking allows us to
estimate the distribution and patterns of vegetation growth, which in turn, allows us to
construct schemes for relating vegetation to the on-the-ground effects of climate. We postulate
that one of those effects is disease emergence.
Stepping back for a moment, science as a disciplined thought process, begins from observation
and interpretation. It then seeks explanation and mechanisms (Levin 1990. It comes up with a
strategic concept for examining apparently unpredictable natural events by averaging its
observations over time and space,. T.Cs a starting point. but that is obviously not enough, The
average needs to also be applied in a proper scale to relate its findings in a meaningful way, For
example, natural occurrences tend to come into focus on certain scales (tcmporal/spatial), and
not on others. Thus, scale matters when we try to relate disease emergence characteristics and
environmental conditions. Different degrees of aggregation show different views of system
dynamics. On broad spatial scales and long temporal scales, ecological systems in their entirety
exhibit well-established patterns upon which one can derive reliable generalizations (relevant to
modeling and prediction). Variation among observations, however, occur. They may be
apparent events, and non-consequential to the dynamic, or expressions of impactful trends
expressed at different or smaller scales, and periodically becoming noticed because they
individually cross the magnitude barrier of a larger scale that is in play, or because they converge
and augment the expression of the larger scale. So where does this lead to in filovirus
emergence'? What do we know about the relationship of these viruses to various scales'' How
does 'scale' relate to their CAS?
 Can we use scale or CAS to design an appropriate toot for
conducting surveillance for filovirus emergence?
Marburg virus (MARV) and Ebola viruses (EBOV) comprise the known main etiologic agents In
central Africa that cause filovirus associated severe hemorrhagic fevers (HF in both human and
non-human primates (Sanchez et al. 20071. The high pathogenicity of these 'prototypic'
filoviruses has been apparent since the discovery of MARV HF among vaccine plant workers in
(Marburg) Germany and the former Yugoslavia in 1967 (Kissling et al. 1968). Interestingly.
almost 10 years later, in 1976, a second filovirus, and the first that became apparent in a natural
setting, emerged in two nearly simultaneous outbreaks about 800 km apart in southern Sudan and
Zaire (present Democratic Republic of Congo, DRC) and led to the discovery of two EBOV
subtypes, Sudan Ebola virus (SEBOV) and Zaire Ebola virus (ZEBOV) (Smith 1978, Johnson
1978). The ZEBOV epicenter was in Yambuku, a rural village with the Ebola river running
through it in northern DRC. The mortality rate for ZEBOV was about 80% and 50% for SEBOV.
In 1989, a third strain/subtype of EBOV, named Reston Ebola virus (REBOV) was identified in, 
infected macaques In a quarantine facility in Reston, Virginia, USA; the monkeys being
imported from the Philippines (Jahrling et al. 1990). REBOV is lethal to monkeys but appears to
be non-pathogenic in humans, EBOV HF was not reported again until the end of 1994, when
three outbreaks started almost simultaneously. In November of that year, ethnologists studying
chimpanzees in the Tai National Park. C6ted'lvoire, found dead chimpanzees and noticed the
absence of others. A female researcher became infected during the necropsy of one uf the dead
chimpanzees, and u fourth novel strain of EB0\/, the Cote d`Kvoirc (CIEBOV), was isolated
from her bknod.(Fonnentyc<a|. 1999>. Then, that December, multiple human ZEB()\/RF cases
were reported in gold panning camps in Gabon, and u large human outbreak began in the Kikwi1
District in D8C. The 8jkvvit onthnrmk n:uomb|md the 1476 outbreaks in that secondary
tnonxzninaimm of the virus occurred through close pem yuon) owuiuc/ between family nommboo and
among hospital workers, A fifth ER0V subtype, 8modihugyo Ibo& virus (BE8OV), was
identified in November 2007 from cases in an outbreak in Bundibugyo district, Uganda. Unlike
the other BBO\/ outbreaks, the new strain had u case fatality rate nf25Y6 (Towner eta|.20O0>.
Interestingly, since the BBOV outbreaks of dhcroid 1990`n, there have been sporadic reports of
human and non-human primate cases. (Walsh e| al. 2UO3,Pouoo4m{ al. 20O5, Towner ed al. 2OO8,
Cardenas 20]0). Overall, the reported outbreaks have included: ZE8O\/ -ooe isolated case in
South Africa (1996, imported from Gabon), and ten outbreaks with high near-uniform lethality
of 80% (in DflC: 1995, 2007, 2008-1 in Gabon (19941"1995. 1496, 1947, 2001/2002}; and in the
Republic of Congo (2O0|,2O03,2O05). There have been two S£80\/ outbreaks - one inUganda
(2080/2001) and one in Sudan (2004). QmUz had acase fatality rate near 50%, There has also
been one iuolatsdhoozou cumm ofClE8O\/iu Ivory Coast (1994), and one reported BB@O\/
outbreak iu Uganda (2007/200Q).k4/NR\/ has also proven itself onbce recurring threat incentral
Africa with its mevcu: morbidity and high fatality rate in the recent ooihrcukw in DBC, (1998-
i9A9)ondiu Angola (20O4-2O05).
This diversity of the magnitude and location of these EBOV and MARV outbreaks, but their
very similar presentation and severity of disease eoggcs|n that v,bilm the wuduu* Dk`vbnaom have
micoiloc pathogenic characteristics and boat oupinou and possibly human-exposure dvoaooice,
something in their pathway to outbreak emergence is causing variation in their observed
temporal cycles and spatial patterns that are not immediately evident from u linear analysis,
Attempts tn unravel the known uud relevant details offi|ovirueea emergence has caused nxn`
start with inferences from oiruuzootaodai evidence and correlations; not very moiimfvinQ
acioodficm|b/ for modelingprediction, but i ference from such iofbonubom does provide an
adequate place to begin foono|n{iug hvoudbeoem. But then tb000 must be probed for verification
or rejection, 0miuQ the CAS nbho and approaching the interpretation of our observations
through the use of multiple scales, we may be able to tease apart the biologic, environmental and
temporal connections that describe apimuoihle fi|oviruy
 emergence model. We can then use the
hypothesized znodm/ to probe for ncicndfiru)|v verifiable explanations and understanding of the
complex pattern we are seeing, and begin u` understand how fi]mvbuoeo in general emerge, This
probing will require the incorporation ofrecent advances in a number nfdisciplines, relevant for
modeling and prediction making, collaborative initiatives between virology, veterinary, human
medicine, climate and ecology,
8o as  starting point, *e know that during known outbreaks, the spread ofEbok/ virus among
gmiUum and chimpanzees in the border regionbo(vvcmu Gabon and the Republic nf the Congo
(RC) has caused both o high number of deaths among theme primates and a series of human cases
with histories of contact with inteo(ul mnboa/m in the jungle <Wulmb et al. 2003, Kmoque< et oL
2005>. More specifically, a|noog evidence obtained during the ZB8OV 8F epidemics in Guhuo,
indicates that hunters acquired infection from acovougbug gorilla, ubinupuuzec and duUcor
carcasses (Walsh ot al. 2003, Leroy ot al. 2OO4,Rououu1c|al. 20O5,[abm,c1 al. 20O7). Leroy
es al. (2004) found that great upoa can be infected with Z)IBO\/ under different ecological
uouWidoo y through independent /ruummni yaioue events, This suggests that there in a wide
distribution range for these viruses. We also know that because of their high case fatality rates,
great apes are presumed to be dead end hosts, and thus when combined with the discordance of
filovirus event locations and the great apes' natural geographic distributions, apes are unlikely to
serve as the viruses' reservoir host. Current evidence does suggest that because of virus isolation
studies and the known geographic range of some species of frugivorous bats, there is a very
strong case for these animals to be the filoviruses' natural reservoir (Leroy et al. 2005,
Swanepoel., et al, 2007, "Towner et al. 2007, Pourrut et al. 2009).
From what we know of these bats, they appear to bear their young in a synchronous timing with
wet seasons, when food (fruits) is most abundant in their habitats. We also know that this is a
shared food with great apes. Therefore, an assumption has been made that the behavior around
and the process of birthing can be the mechanism for filovirus shedding, and hence the plausible
biologic source of a primate's increased exposure to virus. Furthermore, recent analyses of
known environmental and climatic factors associated with. FBOV activity support this
assumption. In the tropical forest areas of Gabon and DRC (Tucker et al., 2002: Peterson et al.,
2004; Pinzon et al., 2004) at approximately 2-4 months after the onset of markedly drier
environmental conditions, 1 during the longer and first of two yearly wet seasons, (Pinzon et al.,
2004) multiple incidents of ZEBOV have been reported.
Given what we know to date about filovirus emergence, and using the thought process above, the
NASA-Goddard Space Flight Center (GSFC) team has attempted to model proxy indicators of
EBOV HF risk, and characterize areas endemic to this infectious disease. To start, NDVI was
1 Lower than 1.5 standard deviations from the mean NDVI value (Pinzon et al. 2004).
used tm characterize the vegetationtype(s) associated with BBOVKFOutbreaks and the
and spatial vegetation patterns in the wet and dry season during those events.Landat data has
told us that all reported Cbn|a hemorrhagic fever outbreaks occur iu either tropical ouoist forest
oc gallery tropical forest inm savanna nomtrix(Jucknrmtai 2002), The information gained from
that categorization then enabled oe to use extraction ommtbmdm " such as singular value
decomposition (8\/D) to identify specific oo,bnnrueutz| features (or oonoisOsdinn of features)
associated with outbreak sites (Figure l adapted from Yiozon et al. 2004). This restricted our
ecn-climatic analysis to only conducive tropical moist forest urgallery tropical forest areas in
/\hiou.
The main result o( this first step has been the identification m/Gabon-RC region (Figure
 2)uuun
important epicenter ofZ8BOV transmission in Africa (Punzon et al, 2004), /\ first step b*urdm
^^azuad ourvoi|knoa° - more targeted detection and analysis of nhu1 is causing filovirum
emergence in theses specific areas (Figure 3)z.
I Niverne forest can be detected through classification of satellite imaging (DEM, NDVL temp),
and one can track their wet/dry conditions to p,adk1 increase of contact assuming that that
determines high risk — in other words — environmental conditions affect population dynamics,
but more importantlyt| affects behavior —triggering (possibly violent) contact when food is
scarce. Soin this case, one can develop eco-c|imated riven early warning system for filovirus
by monitoring dry conditions that predict (indirectly) increase contact (risk) with pathogen.
If we assume that bats are the link to follow for modeling and prediction, what is known about
the ecology and diet uf the 3fiu8ivorous bat species is:
1) They are widely distributed in equatorial Africa and found in riverine forests at
elevations less than 1800 meters (where EBOV outbreaks have been reported).
2) Figs are their preferable food, but they also eat mangos and bananas (similar to great
apes). According to Langevin (1990) while male bats may forage long distances (15knn)
to locate good quality food, female bats rely on established feeding routes that offer a
constant supply of lower quality food.
This leads to the question of why the difference between dry oousoum and aubuo| behavior;
transmission opportunity between those two dry seasons in uycar ,
 and across different years.
Are the biology nr behavior ofthe reservoirs or the eco-climate interactions or u combination of
fhoxu two drivers of the observed temporal ouu)ea causing hodb the )ucAoz 20 year oyu1u of
outbreaks and u smaller cycle of sporadic cases?
CST has been related in oboogoa in fruit availability and dietary composition during
environmental hardship. but is virulence m domain only of the reservoir or is there the aemmunul
variation in the fruit attractant, its nutritional quality that cbougco the exposure level or
susceptibility of the primate to infection bythe vinamY These questions need 1nbe addressed by
future research into the reservoir hosts and into the infected animals.
VVbaL is also intriguing, and a question that is more germane to our analysis here b, if the
reservoir hosts are in fact 'similar' in Novrus transmission oapabUky, then do all outbreaks,
large ones and small, follow a similar temporal pattern driven primarily by host factors in
association with eco-climatic trends and conditions? The difficulty with this explanation resides
in the different ecologic and temporal scales involved. If we step back o moment and ask if
there is a common thread that runs through all this biotic complexity, one wonders if there
isn't an underlying abiotir or environmental condition or trend, or convergence of conditions
and trends, which better explains what has been observed to date —fi|nxirus outbreaks vs
sporadic cases. This variation suggests more than one 'environmental temporal frequency'.
Could the favorable conditions for outbreaks occur at different temporal scales, at different
frequencies, from local through regional to multi-regional variability. Environmental processes
occurring at the local scale could affect the rates of virus exposure and transmission, including
human and animal behavior, e.g. hunting patterns— human exposure Lothe risk also increases
under these conditions since bush meat preferences of village-hunters change to a wide, array
of animals (Walsh et a|. 2003, Leroy et a|. 2004, Ruuque1 et a|. 2005, Lahm et a|. 2007).
Environmental processes (the same or other) can affect regional scale processes as habitat
conditions, e.g. vegetation, precipitation, and landscape patterns. Mu|tiregiona| effects could
also occur when climatic signals, e.g. E| Ni0o Southern Oscillation (ENSO), North Atlantic
Oscillation (NAO) indices, influence regional cycles and potterns ~. These processes influence
the risk of contact with the pathogen and happen at different (spatial and temporal) scales.
Recasting our hypothesis seasonal forecasts of #|oWrus epidemics based on climate and
vegetation patterns can be available for specific regions at different levels of accuracy and their
forecast lead-times vary according to the different scales of the climate and vegetation
parameters. Implicit in this assumption are the essential characteristics of the CAS system:
heterogeneity, non|inearity and hierarchical structure. What we proposed is a hierarchical
approach that uses nonlinear methods, the empirical mode decomposition (EK4D)*,toexplore
the observable interactions among the integrated physical and biological systems involved in
fi}ov|rus epidemics at different (tennpora|) scales (Figure 4). Tu start, vve decompose the NAO
signal and Gabon-RC NDV|-based EBOV HF risk into their different intrinsic EMD modes of
oscillation. Figure 5 reveals that a 3-year oscillation component of the NDV|-derived EBOV HF
risk swings 15'20 months lag with e 3-years NAO component that rides over  10-years mode
that at the same time appears to be modulated by  20-years cycle. These components could
3 The NAO index is typically measured through variations io the normal pattern oflower
atmospheric pressure over Iceland and higher pressure near the Azores and the Iberian
Peninsula (Jones et al, 1997,Hurre|1995). The ENSO has two cycles: strong negative (El Nino
event) and strong positive (La Nina event). Several indices have been developed asindicators
of the onset of ENSO cycles (Glantz 2001), such as sea-level pressure the so called Southern
Oscillation index (SOI), along with changes in Pacific sea surface temperature (SST). SOI is
measured by the difference in pressure between the opposite ends of the oscillation's seesaw,
Tahiti and Darwin. Wolter and Timlin (1998) combined SOI and SST along with four more
observed variables over the Tropical Pacific to create a more robust index, Multivariate ENSO
index(K4E|).
° The traditional method to identify noise, trends and oscillations ina clataseti y through linear
approaches, ic. Fourier analysis-based filtering in frequency space. The Fourier method ionot
applicable here, although it might be useful for many other applications. Fundamentally,
natural variations (CAS systems, in general) involved nonlinear processes, thereby violating the
underlying assumptions of stationarity and linearity of Fourier Analysis. As an alternative, we
employ the newly developed adaptive time domain Empirical Mode Decomposition (EMD) as
method offiltering. EMD is designed to seek the different intrinsic modes of oscillation in any
data, based on the principle of local scale separation, without requiring any predetermined
basis functions. EMD has been described in detail in previous publications (Huang et al. 1998,
VVu and Huang 2OU9, Huang et al, 2OOg).
be part of the mechanism for the observed epidemic 20-yeao cycles, perhaps explaining why
epidemics have been so unpredictable in their timing and location. Theneby, analyzing these
compatible observable swings, we could derive physical mechanisms and pnedictintepannua|
variability of temperature, precipitation and vegetation patterns associated with fi|ovirus
epidemics with lead-time of several seasons. Spatial uncertainty (scaled dependent) can be
reduced by analyzing shorter temporal cycles at higher spatial resolutions (Figure 4). This will
require "ground truth" data (epidemiological, animal and vector data collected from active or
passive surveillance, or field surveys) to be integrated into modeling as (local) explanatory
mechanisms as well as validation tools (landscape epidemiology) and achieve xnna||er
quantitative uncertainty ranges while improving robustness and accuracy in the risk prediction.
Making the scientific understanding of space imaging and prediction of infectious diseases
widely accessible raises particular challenges by itself since it involves accumulated uncertainty
in its cone— uncertainty interacting with risk assessment which depends on the confidence on
the level of understanding of the relevant science, the nature of associated (local) risk factors,
and on the types of decisions that the risk assessment might influence. Nevertheless, once the
model template is organized (Figure 4), a more precise context for decision making ofexploring
scenario assumptions could be attainable in risk management. The concept uf risk adopted in
the prediction is the likelihood that some event will occur; when it is used on decision making, it
translates into the magnitude of the consequences of that event when specific scenario
assumptions are considered. In other words, there is a need for a versatile way to report this
scientific and technological information and foster the dialogue between scientists and non-
specialists (decision makers, citizens, consumers) regarding risks, decision costs and decision-
tools improvements,
In summary, the monitoring and surveillance of climate factors based on the association of
disease inter-annual cycles (local interactions) to climate variables at the regional and
multiregional scales could be the most easily implemented tools for best management practices
in control and prevention of filoviruses. Moreover, monitoring wildlife population dynamics
along with environmental factors have the potential of acting as sentinels of developing
infection threats and could help in the investigation of the natural reservoir of EBOV and MARV.
Such studies would allow a better understanding of some of the CST mechanisms of filoviruses,
perhaps shedding light on the natural history of filovirus, and, it may also serve as a future
testing ground for educating local populations, improving case detection, and developing a
rapid, timely, and effective outbreak response all under a coordinating rubric of the World
Health Organization.
REFERENCES
Bausch, D.G., Feldmann, H., Geisbert, T.W.. Bray, Nit., Sprecher, A.G., Boumandouki, P., Rollin, P.E., & Roth, C.,
2007. Outbreaks of filovirus hemorrhagic fever: time to refocus on the patient. JIqfect Dis 196 (SuppI 2):S136
S141.
Cardenas, W,B., 2010. Review , evasion of the interferon-mediated antiviral response by filoviruses. Viruses 2: 262-
282.
Formcnty, P,, Hatz. C., LeGuenno, B., Stoll, A., Rogennioser. P. & Widmer, A., 1999. Human infection due to Ebola
virus, subtype Cote d'lvoirc: clinical and biologic presentation. JInject Dis 179: S48-S53.
Glantz, M.H. 200 1. Current t_!I'Change: Impacts ofEl Niho and to Nifia on Climate and SocietIv (2"' ed.). New York:
Cambridge University Press.
Holland, J. 1995. Ilidden order: how adaptation builds complexity, Reading, Massashusetts: Addison Wesley,
Huang, NE, Shen, Z, Long, S.R., Wu, M.C., Shih, E.H., Zheng, Q., Tung, C.(',. & Liu. H.H., 1998. Reductions of
noise and uncertainty in annual global surface temperature anomaly data. Advance in Adoptive data Analysis 1
(3): 447-460,
Huang N.E., Wu, Z., Pinzon, I.E., Parkinson, C.L., Long, S.R., Blank, K., Gloersen, P., & Chen, X., 2009. The
empirical mode decomposition method and the Hilbert spectrum for non-stationar y time series analysis. Prix.
Rov, Soc, London 454A: 903 -995,
Hurrell, JW., 1995, Decadal trends in the North Atlantic Oscillation: Regional temperatures and precipitation,
Science. 269, 676 -679,
Jahrling, P,B_ Geisbert, TW_ Dalgard, D.W., Johnson, E.D., Ksiazek, T,G., Hall, W.C., & Peters, C.J., 1990.
Preliminary report: isolation of Ebola virus from monkey imported to USA. Lancet 335: 502-505.
Johnson, K,M., 1978. Ebola haemorrhagic fever in Zaire. 1976. Bull, WHO 56: 271-293,
Jones, P. D., J6nsson, T_ & Wheeler, D. 1997. Extension to the North Atlantic Oscillation using early instrumental
pressure observations from Gibraltar and South-West Iceland, International Journal of Climatology. 17:
1433­ 1450.
Jones, K.E, Patel, N.G., Levy, M.A., Storeygard, A., Balk, D., & Gittlernan. J.L,, 2008. Global trends in emerging
infectious diseases. Nalure 451: 990-994.
Kissling, R.F., Robinson, R,Q., Murphy, F.A. & Whitfield, S.G. 1968. Agent of disease contracted from green
rnonkevs. Science 160: 888-90,
LaInn, S.A., Kombila, M., Swatiepoel, R.. & Barnes. R.F.W. 2007, Morbidity and mortality of wild annuals in
relation to outbreaks of Ebola hemorrhagic fever in Gabon, 1994-2003, Trans Ro
.
vat Sic Trop ifed and I-fyg
101(i): 64-78.
Langevin. P., & Barclay, M.R.R_ 1990,. ILvspignalhus inonstrosus- Itainin Species 357:1 4.
Lervy, E.u,Rovgvwt,P_Fvonooty.P,Svvqu&re.B_ Kilbourne, &.PnxncucJ.88,Benuejo \4,@mit. S`Kureob
W,, Swanepoel, R. & et al., 2004. Mu l tiple Ebola virus transmission events and rapid decline of centra l african
wildlife. Science 3O3: 387-390.
i,noy. 2.M.,Kmmuluugui. 8_ P*u,mt, X.	 _Do^^^iu, A.,Yxbo P. Dd^w^'\_ P p,,uk^ l, Gonzalez,
^-P./^^^m`^wv.u' ,%V05.Fm^h^^om,co^vvhrsvfDhvlarinm, Nature 4J8:575-57m^
Covv.8.A. 1999. Fragile dominion: complexity and the commons. Read i ng, Nuneuohuomm: Perseus Books.
\Y000ub7. p., 1999. Ecology ^f Marburg and 8hni*viruses: speculations and directions for future research, /I nfect
0a/7v:Sl27-S|38.
Pctroou, AI. Bauer, ]I, Mills, IN., 2004. Ecolog i c and geographic dixoihv/i"u n y filovimu di,onov, Em*,4
/nfieo.Dis, 10: 40-47.
Pinzom. IE, Wilson, lM.. Tucker, CJ, Arthur, B '. Jahrhug, P.B. & poououty, 9, 2004. Trigger events.
ouvbmdbouou coupling vfEho\u
	
Trop. && d^.f^g. 71; 664-674.
Pbmzom }E. 8m°o ME, Tucker CJ, 2005h, Empirical Mode Decomposition Cnouumo of Orbital Drift Artifacts in
Satellite Data Stream, Chapter 8. Part D. Applications, iu Hilbert-Huang Transform and Applications. Ed. N.5^
Huang and 8, S. Shen, World Scientific, Singapore, l67-lKo,
pou,nut, X
~
 Kvm"kmgui n_ Yviumunu. T, k{vvsouvov, G_ Qmhowc A_ Ynho ` P, mkvgbc. D_ Gnnzu)c,, J.P, Jt
Leroy, 2'&4,2O05. The natural bbvmry"fObolav`mxbo&frica,&fie,robes Ink",/7:l005-\0|4^
Pn.zn/. X.,^ Souris '. k4, Towner. Rollin, ?.E ` Nichol.SI. Gonzalez, 1P& Leroy, E,M, 2009, Large amm|vAical
survey showing ,vciov|ud^u of Chm|m and Marburg viruses in Oubmum hm yop"m,vno, and u high
ommprevuimoorof both viruses inkomwmo"egDpt/o*ux.n&kC/t!Px/Dis9:}59-
x"oquu. P.. Pmment, 1Kx ` Bunnejv,M_ KiUhvomu, A` Ka^,oh, Yv, Reed, y, numo|uvgvi. G.,Ymh^ P`Qc|i,m.
x_RpOiu, p,E,L^my.E.&{,3OV5, vYiWmnim^m"uu|i monitoring
Republic uf Congo, 2V0l--200lBmet^y80&o/Dul1'2x3--290,
Sanchez, A,Quiohcu.TW_ & Feldmann, 8 ` 20V7, FU"viridae: Marburg and Gbv|u viruses, lnD^84^ Knipe uP,wv^
Hvwicy(mdm, Fields Virvloxp. 5th md, Vol, \: l4V9-)448. Philadelphia: Lippincott Williams &Wilkins.
So`id`,D18. 1978. Eh"}uhuuvoobugio fever ioSudan, 1976, BUM lj`6k)56:247-270
8.uocpno| ' 8.,8nmh,S8` Rollin, y .G,Fvu"cnk,P` Leman, 94, Kemp. a ~ Burt, Fl,Gmhbdmr.A.A_ Croft, }.
Bausch, D.G_a ^i,2Vo7, Studies vf reservo ir hosts for Marburg vini 	 0m 13(12)1847-185L
Towner, IS.,
	
X-/\lbnu"o,LG,Nkogue.C.N., Bird. B.8, Omrd G, Kmkzck T,G`6ou;alez,I-p,
Nichol, ST. & Leroy, E.M., 2007. Marburg virus infection detected in a common African bat. PL "S One 2:w764
Towner, J.8., 8ouly, T.K, Khdmuvv, M.L. Alhwdao, C.6, Cvu|uo, S. Reeder, 84 ` 0uuo, yL, Uykhu, xv[.
o^wmbog, K. Tupnam. lYx, & et al., 2008. Newly discovered Eh"(a,b`o associated with hemorrhagic 6*cr
outbreak in Uganda, fL^S/athnx4(lU:elo002i2,
'Tucker, Cl. W3am` . 1h4_ &Yahoov}. R, Anyamba, A, Contbicnm. K. & Myers, Mf_ 2002. Climatic and
ecological context of the |9v4—'|996Sholaoutbreaks, Phomgr./3ngin. Remote Se ns, 2:147-152,
Walok, PD, Ahcrnuky, K.A ` B=nmeju, M, 8*yern, R, DuVVnohte, y , 8UnAkou ^ ,d_ Boijhregts, B_
D, KmudmuToliam, A, 101bomrn.M, & *,al, 2003, Catastrophic ape decline in western
equatorial Africa. Nature 422: 611-614.
Wolfe, Y4.D,Dunuva `.C,P` 8t Diamond, 1.ZUO7, Origins of major human infec t ious diseases , Nature 447:2?9-
283,
Wolter, K_ & TimUu, M.S. 1998 Measuring the vovngm vfBN80 — bv~ dvvy 1997/98 mob? VYomhcr, 53.
3\5-324,
v7o. Z. & Huang. N.E, 2009. Bo"ewh|e wnyin,u| mode decomposition: a ooiom-umoim,od data analysis method,
Advances Adafwive Data Ana y^si.,4^ 1: 1-4 1,
FIGURES
,Tan Fei; Mar Aor May Jur, Jul Aug SaP Oct Nov 010C
Month
Figure 1. Time series behavior of the NDVI data from the documented outbreak
sites of EBOV HF. Note that all outbreaks occur toward the middle of the second dry
season. Adapted from Pinzon et al 2004.
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Figure 3. Hovmoller anomaly NDVI image of the `Ebola Hot Zone" (figure 2), Notice
the markedly drier environmental conditions in 1991. 1994, 2000-2001 and 2004.
EBOV HF was dormant„ for about 20 years until the end of 1994, when three
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Figure 4. Developing a multi-level risk map with dynamic decreasing uncertainty and increasing
temporal and spatial accuracy that reinforce expandability and accessibility.
Ri5k
NAO
NA,',)_ , ^, .-
WIP lins	 1.	 591.	 1*.3 'VRM S..Z. g ^J" 	
".
?':'2 z'x' Z :14 "Ok", :011i
Figure S. Decomposition of the NAO signal and NDVI-based EBOV
HF risk into their different intrinsic EMD modes of oscillation. A 3-year oscillation
component of the NDVI -derived EBOV flF risk swings i., .x_15- 20 month lag with a 3-
year NAO component that rides over a 10-years mode	 4 
